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Abstract: Habitat mapping as defined by plant communities is a common component 
of the planning and monitoring for conservation management. This study provided the 
test of two classifiers for producing the vegetation mapping in a tropical island. The 
selected area is Prathong Island, Phang Nga Province, Southern part of Thailand. The 
performance of the support vector machines (SVMs) image classification technique 
for vegetation classifying was assessed and compared with maximum likelihood 
classifier (MLC). The vegetation was grouped into 6 categories as Grassland, Beach 
forest, Mangrove forest, Swamp forest, Sand and Water. The overall and individual 
classification results were compared to find out the suitable classifier for producing a 
vegetation map. THEOS multispectral image with 15-m resolution, achieved on 19th
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January 2009, was used for this study. The results are useful to identify the boundary 
of each ecosystem on Prathong Island. Additional research is needed to assess the full 
potential of both classifiers and THEOS imagery for exploring potential applications 
on other tropical environments. 
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1. Introduction  
Vegetation mapping is an important element for environmental management, providing 
information for planning, monitoring and policy decisions [1]. Maps are used to identify sites of 
potential conservation value and to produce inventories and distributions of plant communities 
and features of conservation interest. One of the biggest problems with vegetation mapping is 
accuracy. Jacobi [2] mentioned that there are two components in map accuracy. First, accuracy 
must be considered in terms of the content of the interpreted units themselves. Second, there is 
the mechanical problem of accurately drawing a unit boundary onto the base map.  
Vegetation mapping from the traditional methods (e.g. field surveys, literature reviews, map 
interpretation and collateral and ancillary data analysis), however, are not effective to acquire 
vegetation covers because they are time consuming, date lagged and often too expensive [3]. The 
technology of remote sensing offers a practical and economical means to study vegetation cover 
changes, especially over large areas [3]. THEOS offers highly accurate and even higher 
resolution imagery with panchromatic imagery at 2 m resolution and multispectral imagery at 15 
m resolution. Aim of this study is to compare two classifiers including Maximum Likelihood 
(ML) and Support Vector Machines (SVMs) for classifying vegetation on Prathong Island, 
Phang Nga province, Thailand using THEOS data. 
2. Methodology 
2.1. Study area  
Prathong Island or Golden Buddha Island is located in the Andaman Sea off the west coast of 
Thailand (Figure 1). The closest town is the port town of Khuraburi, situated on the mainland 
about 10 km east. It is the middle link in a chain of three islands and is largely flat with expanses 
of inland savannah. It has long uninhabited beaches, fringed by coconut palms. The island 
benefits from being one of Thailand's last unspoiled coastal locations. In addition, Prathong 
Island has large mangrove swamps and wide, open savannahs rich in flora and fauna. Birdlife is 
especially rich with over a hundred species having been sighted on the island. 
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Figure 1. Prathong Island, Phang Nga Province, Thailand 
2.2. Material and Data set 
The data set used to produce the vegetation map is the THEOS image; acquired on 19 January 
2009 at a spatial resolution of 15 meters. The four spectral bands of the sensor allow 
characterization of the main features of the plant canopy (Table 1). 
Table 1. Characteristics of THEOS data 
Description  MS  
Spectral bands and resolution  4 multispectral (15 meters)  
Spectral ranges  B1 (blue) : 0.45 -0.52 mm 
B2 (green) : 0.53 – 0.60 mm 
B3 (red) : 0.62 – 0.69 mm 
B4 (NIR) : 0.77 – 0.90 mm  
Imaging swath  90 km.  
Image dynamics  8 bits among 12 bits  
Absolute localization accuracy (level 1B)  < 300 m (1 s)  
   Source: [4] 
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2.3 Methods 
The vegetation mapping methodology involves three steps described in this section: (i) data 
preprocessing; (ii) classification and evaluation; and (iii) vegetation mapping. The overall 
process is illustrated in Figure 2. 
 
 
Figure 2. Processing outline 
2.4. Image classification  
Unsupervised classification is a method that examines a large number of unknown pixels and 
divides them into a number of classes based on natural groupings present in the image values. In 
this study, K-Mean unsupervised classification was preformed for basic discovering on the area.  
Supervised classification is best described as a computer-implemented process through which 
each measurement vector is assigned to a class according to a specified decision rule, where the 
possible classes have been defined on the basis of representative training samples of a known 
class. Maximum Likelihood and Support Vector Machines classifiers are popular supervised 
classifiers which were compared and tested in this study. 
Maximum likelihood (ML) algorithm is normally used for classifying satellite data. With the ML 
algorithm, probability density functions are built for each class based on the training data’s 
spectral values [5].  Support Vector Machine (SVM) is a group of advanced machine learning 
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algorithms that have seen increased use in land cover studies [6-9]. Support Vector Machine can 
improve the classification accuracy in both of multispectral and hyper-spectral images [4]. To 
achieve the objectives of this study, a supervised classification using the support vector machine 
algorithm has been applied. 
Selecting training set for classifying; the training areas were selected for 6 vegetation types. The 
vegetation classification system included the following classes: grassland, beach forest, 
mangrove forest, wetland (swamp forest), sand, and water.  All image preprocessing was done in 
ENVI software.  
This is based on training areas determined according to the classification scheme defined above. 
Bands 1, 2, 3, and 4 from the THEOS image, in total 4 bands were used for classifying 
vegetation in the study area. Typical training areas were selected from the vegetation type map 
and subsequently identified on the image. The output of the process is a digital image in which 
each pixel is assigned a color corresponding to the class label of the area it represents. 
3. Results 
3.1 Regions of Interest Separability 
Regions of Interest (ROIs) are defined as training areas tool in ENVI software. ROIs separability 
was also made to assess the separability of each class; a value of 1.8 to 2.0 per class denoted that 
each class is properly separated from each other. Exceptions to some of the classes, which were 
difficult to separate such as sand and swamp forest (1.648), swamp forest and grassland (1.610), 
as well as mangrove forest and beach forest (1.766), were made as shown in Table 2. 
Table 2. ROIs Separability 
Classes Grassland Beach Forest Mangrove Swamp forest Sand Water 
Grassland -  2.000 1.610 1.959  2.000 
Beach Forest  - 1.766 1.881 2.000 2.000 
Mangrove   - 1.996  .000 
Swamp    - 1.648 1.997 
Sand     - .000 
Water      - 
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3.2 Image classification 
Two supervised classifications with ML and SVMs were tested. Figure 2 shows the classification 
results from both classifiers and Table 3 shows the class confusion matrix. 
 
 
 
 
 
 
 
 
 
 
                             (a)                                                                                             (b) 
Figure 2. Classification results (a) ML and (b) SVMs 
Table 3. Class Confusion Matrix 
Class 
ML SVMs 
Prod. Acc. (%) User Acc. (%) Prod. Acc. (%) User Acc. (%) 
Grassland 98.68 100.00 96.71 100.00 
Beach Forest 97.26 97.06 100.00 97.14 
Mangrove 97.20 100.00 99.15 99.39 
Swamp Forest 46.55 56.84 61.21 83.53 
Sand 98.21 100.00 99.40 98.82 
Water 97.58 70.35 97.58 82.31 
Overall Accuracy 94.29 % (Kappa Co. = 0.921) 96.72 % (Kappa Co.= 0.954) 
Grassland 
Beach Forest 
Mangrove 
Swamp Forest 
Sand 
Water 
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Classification of the THEOS imagery with ML classifier resulted in the vegetation map shown in 
Figure 2 (a) and with SMVs classifier shown in Figure 2 (b). The overall accuracy for 6 classes 
from ML and SVMs, calculated as the ratio of all the correctly classified pixels to the total 
number of pixels used for assessment were 94.29% and 96.72%, respectively (Table 3). The 
SVMs show better accuracy for classifying Beach forest (100.00%), Mangrove (99.15%), 
Swamp forest (61.21%) and Sand (99.40%). 
4. Conclusions  
Monitoring vegetation habitat to detect trends is, therefore, highly useful in this context and 
remote sensing technology can certainly play an important role in the analysis of land use and 
land cover changes. SVMs was preformed to evaluate the comparative performances to 
maximum likelihood classifier (MLC) in 6 land-use categories including grassland, beach forest, 
mangrove forest, swamp forest, sand and water areas. The 15-m resolution THEOS imagery with 
4 spectral bands of Prathong Island was analyzed. The SVMs performed better in separating all 
classes except grassland class as classification accuracy from MLC was a little bit higher. 
Further study is needed to optimize the selection of SVMs parameters in order to improve 
SVM’s classification performance. Feature selection is also one of the factors affecting 
classification accuracy. To obtain higher classification accuracy, the high-resolution and more 
spectral bands imagery are needed if a detailed mapping and habitat classification is desired.  
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